The Cebu Study Team 1 A proper understanding of infant health requires the integration of socioeconomic, behavioral, and biomedical models. A methodology is presented for assessing the effects of "underlying" social factors and "proximate" behavioral and biomedical factors on infant morbidity, growth, and mortality. The method is applied to data collected from over 3,000 children in Cebu, Philippines, over the first 2 years of life. Data were collected between 1983 and 1985. A central theme is that mothers recognize certain observable and nonobservable threats to the health of their infants, and that the mothers take measures to reduce the risk from such threats. It is shown that if conventional statistical techniques (which do not take such behaviors into account) are used, the estimates of the effect of the risk factors on health are incorrect. Procedures for obtaining correct estimates are described. The application of the methodology is illustrated by modeling childhood diarrhea, and by showing how maternal education induces behavioral changes, and how these changes, in turn, induce changes in the prevalence of childhood diarrhea. Am J Epidemiol 1991 ;133:185-201. 
The causes for high levels of childhood disease in developing countries have been the subject of numerous investigations by both social and biomedical scientists (I). The focus of the social science literature is on examining the relations between "underlying" socioeconomic variables and health outcomes, with most research focusing on mortality (e.g., references 2-6). Many of the results of these analyses are robust, with increased household income and maternal education, for example, consistently emerging as powerful determinants of health (e.g., references 7, 8) . However, this literature usually gives rise to conclusions which are so sweeping (such as "where income and edu-cation are higher, health is better") that they provide little guidance to those concerned with formulating health programs. The mechanisms by which the socioeconomic determinants affect health remain largely an unexplored and unexplained "black box" (I).
The biomedical literature, on the other hand, focuses on the biologic precursors (such as infection and malnutrition) of morbidity and mortality. The virtue of the biomedical literature (namely its reliance on a biologic model and the focused nature of the questions answered) is its curse, too. This is so because: these narrowly focused studies have often ignored the effects of important confounding variables (with the biomedical literature on breast feeding being a good example); the ultimate consequences for mortality in populations at large tend to be neglected; and the fact that.people perceive threats to their health and react to these by changing their behavior is often either not recognized or ignored because it is considered analytically intractable. The result is a literature which inevitably leads to policy conclusions favoring strictly medical interventions (I).
Drawing heavily on an analogous situation in the field of fertility research (9) , _Mosley and Chen (I) and Mosley (10, 11) have argued for the development of a new approach to child health research which incorporates both the social and biomedical t approaches into a coherent analytic framework in which the relations between "underlying," "intermediate," and "outcome" _y_ariables are investigated. Important steps have been taken in recent years in studies in Malaysia (12) (13) (14) and Jordan (15) to conduct empirical research on mortality using this framework. The Cebu study was designed to build on these landmark studies.
This paper describes the methodology used in modeling child health in the Cebu study. Empirical results are given to illustrate the usefulness of the approach. Detailed discussions of the results and their implications have been presented in other papers (16) (17) (18) .
THE DESIGN OF THE CEBU STUDY
The principal objective of the Cebu study was to correctly estimate the effects of underlying and proximate determinants of child health. Data were collected in the metropolitan area around the city of Cebu in the central Philippines. After a pilot study, a stratified, single-stage sampling procedure was used to select 17 of 158 urban and 16 of 85 rural neighborhoods in the metropolitan Cebu area. Households were surveyed to collect data on all births between May 1, 1983 and April 30, 1984. The sample consisted of 3,080 women (77 percent of whom were urban) having single live births, for whom both baseline pregnancy surveys and birth information are available. Participation rates were high. Over the course of the 2-year period, 311 of the 3,080 women (264 of 2,355 in urban areas) were lost as a result of migration, and 49 of the mothers (39 in urban areas) decided to withdraw from the study.
For each study child, questionnaires were administered in the third trimester of pregnancy, at birth, and at 2-month intervals through the first 2 years of life. Where necessary, the questionnaires were supplemented by observations (e.g., of sanitary conditions) and measurements (e.g., of weight and water quality). Information was collected on "underlying variables" (inclucT ing family income and assets, education of family members and other socioeconomic variables, prices of foods and other goods and services in the community, and accessibility to health facilities), "intermediate variables" (describing households' consumption choices for health-related goods and services, such as prenatal care and infant feeding patterns, water-use practices, personal hygiene practices, use of preventive health services, maternal smoking and drinking) and "outcome variables" (inciuding gestational age and birth weight, and growth, morbidity, and mortality at each subsequent 2-month interval). Additional details on the survey design and data are available (16) (17) (18) .
MODELS FOR ASSESSING THE EFFECT OF UNDERLYING AND INTERMEDIATE VARIABLES ON CHILD HEALTH
The mechanisms whereby socioeconomic, behavioral, and biomedical factors affect health can be described in terms of two sets of equations. The first equation describes how the underlying individual, family and community variables determine health-related behaviors; the second equation describes how underlying and intermediate behavioral and biomedical variables affect health outcomes. Following standard economics terminology, these are referred to as "structural equations." For reasons which will become apparent later it is necessary to distinguish between "endogenous variables," whose values are determined by forces operating within the model, and "exogenous variables," whose values, while important to the model, are determined by forces outside the model and are not explained by the model. In the present context (as shown in figure 1 and table 1 ), variables such as infant feeding patterns, use of medical facilities, type of water supply and sanitation, maternal work status, and health status of the child are treated as endogenous, while variables that are not the result of health-related household decisions (such as maternal education and food prices) are considered exogenous.
The variables entering the models (where the subscript "/" refers to the particular child and the subscript "/" to the time period) are: //," the health of the infant; Y, h endogenous variables measuring the consumption of health-related goods; Z,,, exogenous community and household characteristics; n,, an individual-specific disturbance term that does not change through time; and (", purely random errors that vary across individuals and through time.
Structural equation 1: Determinants of behavior
The underlying family and community variables (the Z,s) are hypothesized to determine the health-related behaviors (Y,s) as follows: and where the subscripts "G" and "S" refer to growth and sickness (or morbidity), respectively.
Note that the health variables measured before the current time period (the "lagged" health variables) have an effect on current health and non-health-related behaviors. That is, the model takes account of the fact that a mother might, for instance, alter her infant-feeding practices if her child failed to grow in an earlier time period. Note, too, that the model allows for the possibility that children and families have peculiarities which have important effects on how a child is treated, but which cannot be observed. For example, some mothers may know from prior pregnancies that their children are likely to be frail, and may take account of this when deciding whether to seek prenatal care.
The formal procedure for taking this unobserved heterogeneity into account is to have two (rather than the usual one) disturbance terms in the behavioral equations. The first disturbance term, n, is specific to the individual and does not change through time. In these models, n represents the initial endowments of the infant which cannot usually be observed by the researcher (such as "frailty"). The second error term, the <, is the conventional random error term.
Structural equation 2: Determinants of health
The second structural equation describes how underlying and intermediate behavioral and biomedical variables affect health outcomes. It is assumed that the probability of being sick (e.g., of having diarrhea) in a particular period is determined in part by the nutritional status in the prior period, and that growth in a particular period is determined in part by the morbidity experience in the preceding period. In addition, it is assumed that both nutritional status and morbidity in any particular child in any particular period are also affected by the health-related and non-health-related behaviors in the prior period and by the family characteristics in the current period (the Z,s). Accordingly, the "health structural equations" are: and where the subscripts "(?," "S 1 ," and "AT' refer to growth, sickness, and mortality, respectively.
As a specific example, consider the structural equation for diarrhea. One measure of diarrhea from the available data is the dichotomous variable indicating whether the child had diarrhea in the 7-day period preceding the interview. The endogenous variables include exposure variables (water quality, personal hygiene practices, excreta disposal practices, food hygiene practices, whether exclusively breast-fed, mother's concern with preventive measures as measured by use of a well-baby clinic) and susceptibility variables (nutritional status as measured by weight for age, whether breast-fed at all, and whether vaccinated against measles), while the exogenous variables include exposure to animals in the home, season, sex, household size, community density and child's mobility.
The "reduced form" equations
The two sets of structural equations represent a complete description of how behavior and health are determined. By starting at birth and continuously substituting out for all endogenous right-hand side variables, the so-called "reduced form" equations arc obtained.
(expression 3)
In the reduced form equations, the endogenous variables (the Js) and the outcome variables (the Hs) can be expressed just in terms of the exogenous variables (the Zs). These reduced form equations may be used to examine the full effect of exogenous variables (such as maternal education) on child health. They are also used in estimating the parameters of the structural equations.
PROBLEM 1: ESTIMATING
dinary least squares or logistic regression).
PARAMETERS WHEN SOME
This section shows that because people rec-VARIABLES ARE ENDOGENOUS ognize (some) health threats and take mea . sures to reduce their risk from these threats, The standard approach would be to estithese standard procedures give the wrong mate the parameters of such models using answers. The correct statistical procedures standard statistical procedures (such as or-are described.
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Statistical procedures
For the reduced form equations (expression 3), it can reasonably be assumed that the "heterogeneity disturbance terms" (the us) are distributed independently of the exogenous variables (the Zs) and that the error terms (the i*s and the *s) are normally distributed. Accordingly, standard statistical techniques (such as ordinary least squares or logistic regression) can be used to obtain unbiased estimates of the parameters of the reduced form equations.
It is, however, the structural equations (expressions 1 and 2) that are of most interest to policymakers, because they permit assessment of the effects of different social, economic, and biomedical interventions on behavior and health. These equations present more complex estimation problems. For example, in expression 3 it can be seen that the value of, say, Y,, depends on, and is therefore correlated with, the "heterogeneity disturbance term" (urd-Since the value of undoes not change overtime, nn is similarly correlated with Y,.,. In expression 1, therefore, a regressor (Y,. u ) is correlated with a disturbance term (nr.). Similarly in expression 2 we also have a regressor (F M ,,) correlated with a disturbance term (MG,) .
If the parameters of expressions 1 and 2 are estimated using ordinary least squares, inconsistent estimates will result. This is because, in explaining the dependent variable, as much credit as possible is given to the regressor and as little as possible to the error. When the regressor and error are correlated, some of the effect of the error is wrongly attributed to the regressor (19) .
A standard procedure for dealing with this problem is that of "instrumental variables" (20) . In estimating the parameters of the structural equation, the value of the problematic regressor (such as Y ti ) is not used, but replaced by an instrumental variable. The instrumental variable for Y,, is chosen so that it is correlated with the regressor (Y,,) and is uncorrelated with the disturbance term (fin). In this particular case, the "predicted values" of the 7s obtained from versions of the reduced form equations (expression 3) can be used as instrumental variables for the Ys in the structural equations (expressions 1 and 2). Using these predicted values rather than the actual values of the endogenous variables, standard estimation procedures are used to estimate the parameters of the structural equations. Although not widely known in the epidemiologic literature, such techniques are used routinely by economists (21) .
As discussed in more detail elsewhere (16) (17) (18) , in the Cebu study the models were specified to include all endogenous and exogenous variables, and to allow each of these to vary over time (by including a time interaction term). Only those interactions which were statistically significant were retained. The "random effects" estimation procedure (21) was used to estimate the parameters of the models. It was assumed that the MS and es are normally distributed random variables and that corresponding to the observed dependent variables is a continuous latent variable (the severity of the child's diarrhea in this case). The mother reports that the child has diarrhea if the latent variable is sufficiently large (see reference 22 for a different child health model that also uses latent dependent variables). The actual calculations were done with the HOTZTRAN algorithm (23), using maximum likelihood methods in which the distribution of the disturbance term is taken into account in calculating the standard errors of the coefficients.
Does endogeneity make a difference in practice?
Two examples from the literature. The US Environmental Protection Agency has conducted a large-scale study on the effects of medical care and air pollution on mortality from respiratory disease (24) . Whereas prior epidemiologic studies had implicitly assumed that people accept air pollution passively, the study recognizes that "people have an incentive to adapt to environmental conditions (by incurring the expense of seeing a doctor or moving away from a polluted city)" (25, p. 42). In analytic terms, this means that "protective factors" (such as use of medical care) are not exogenous (i.e., determined by forces outside of the model) but endogenous (i.e., determined by the level of air pollution and other factors incorporated into the model). The study (24, 25) shows, first, that the conclusion drawn from a conventional analysis was that the level of medical care had no effect on mortality from respiratory illness, but, second, that when statistical procedures taking account of endogeneity were used, medical care was shown to have a significant protective effect.
The second example deals with the effect of prenatal care on child health. A conventional analysis would treat the quantity of prenatal care as an exogenous variable and examine the relation between the level of this variable and infant health. In fact, however, many mothers seek prenatal care in part because they perceive (for reasons that are valid but which investigators cannot observe) their fetus to be particularly vulnerable. A detailed assessment of the relation between prenatal care and infant mortality in the United States (3, 5) has shown that a conventional analysis (which ignores this behavioral aspect) would conclude that mothers place their children at risk by obtaining prenatal care, but that when statistical procedures take account of this behavioral relation, use of prenatal care is shown to have a strong protective effect.
Later in this paper, the practical consequences of ignoring endogeneity are examined for the Cebu study.
PROBLEM 2: SAMPLE SELECTIVITY IN LONGITUDINAL STUDIES
As children are followed over time, there are inevitably losses to the study from refusal, out-migration, and death. Since children with certain characteristics are more likely to be lost to the sample than other children, the sample has been reduced in a way which is certainly not random. An exogenous factor which affects migration (such as father's occupation) but does not affect child health would tend to emerge from the analysis as a determinant of child health.
The procedure for correcting for this possibility consists of introducing a "correction factor" (technically known as the hazard rate or the inverse of the Mills' ratio (20, 26) ) which is equal to zero for those individuals who would, without any doubt, remain in the sample throughout the period, and is relatively large for those who are likely to have been lost from the sample during the period. The statistical procedure involves, first, determining whether there is significant self-selection (if the "correction factor" is significant) and, if so, applying the necessary correction.
AN ILLUSTRATIVE RESULT: THE PATHWAYS THROUGH WHICH MATERNAL EDUCATION AFFECTS BEHAVIOR AND CHILD HEALTH
The Cebu Study Group has already published detailed results from some early analyses (16) (17) (18) . For the present purposes, some empirical results illustrate how the model may be used to assess the biomedical and socioeconomic determinants of child health. The example chosen is one of major policy interest because of the consistent and strong relation (7, 8 ) between maternal education and child health and because of the paucity of data delineating the mechanisms by which this effect operates. The example is developed only for the urban sample, only for diarrhea, and only for the first year of life.
Underlying-proximate relations
The parameters of the behavioral structural equations (expression I) are estimated for each of the health-related behaviors at each particular stage of the child's life. Table  2 shows the effects of maternal education on health-related behaviors during each 2-month period. Table 3 shows the simulated effects on the mean values of the healthrelated behaviors of increasing the education of each woman in the sample by one year.
Question I: Is the direction of the effect sensible? Table 2 shows that as maternal education increases, there are increases in food intake, preventive health care, measles immunization, adequacy of excreta disposal practices, quantity of soap used per capita, and quality of drinking water; and decreases in breast feeding (both exclusive and any) and food contamination risk. Question 2: Is the effect statistically significant? From table 2 it can also be seen that, for most health-related practices, the effects of maternal education are highly statistically significant. The two exceptions are unhygienic food preparation practices and quality of drinking water. In both cases, the lack of significance is almost certainly because, with the measures employed in these early analyses, there is little variation in these variables in the urban sample.
Question 3: Are the findings of practical significance? From table 3, it can be seen that a one-year increase in the education of each mother would have substantial effects on most of the health-related behaviors. For example, for a 6-month-old child, a oneyear increase in maternal education implies a 36 percent reduction in the probability of exclusive breast feeding, a 5 percent reduction in the probability of any breast feeding, a 7 percent increase in caloric intake, a 4 percent increase in the use of preventive health care, a 9 percent reduction in the probability of inadequate excreta disposal practices, and a 2 percent increase in per capita soap use.
Proximate-outcome relations
The second set of structural equations (expression 2) describes the relations between the proximate (behavioral and biomedical) variables and health outcomes. Table 4 presents the proximate-outcome structural equation for diarrhea for the longitudinal model estimated for the full first year of life for the urban population. Table  5 shows the responsiveness of diarrhea to changes in the proximate variables (as measured by the "elasticity," that is, the percent change in diarrhea resulting from a percent change in the proximate variable).
Substantive Question 1: Are the estimates sensible and statistically significant? From table 4, it can be seen that diarrhea is statistically significantly lower for: faster growing infants (with the effect greatest in small infants); infants who are breast-fed (with the protective effect greatest at young ages); infants who are exclusively breast-fed; infants who consume more food; infants whose families use better quality water; infants whose families follow hygienic food preparation practices; and infants whose families have better excreta disposal practices (with the effect greater in the early months of this first year of life). Diarrhea is statistically significantly higher for: male infants in the latter months; crawling infants when there are animals in the house; and children in more densely settled communities.
Substantive Question 2: Are the findings of practical significance? From table 5, it is evident that the level of diarrhea is highly responsive to breast-feeding practices (especially in the early months of life) and to excreta disposal and water supply practices (throughout the first year of life), moderately responsive to caloric intake, especially later in the first year of life, and largely unaffected by preventive health care.
Methodological Question 1: What are the consequences of sample selectivity? Statistical analysis showed that the hazard rate (or inverse of the Mills' ratio) was small, and not significantly different from zero. It was therefore concluded that sample selectivity was not significant (that is, that nonresponse could be viewed as a random event in the sample) and that the Mills' ratios could be excluded in the final specifications of the instrumental variables.
Methodological Question 2: What are the consequences of ignoring endogeneity?
The importance of taking account of endogeneity when modeling child health was tested in two ways using the Cebu data set. The first test is a formal statistical test-a chi-square version of the Hausman test (21,27)-which indicates whether endogeneity was actually present. The critical value for a 1 percent test is 29, while the test statistic was 98: the null hypothesis of no endogeneity is strongly rejected. The results of a second, more intuitive, test (comparing results from two estimation procedures, one taking account t Prob, the predicted probability of the explanatory variable.
of endogeneity and one ignoring it) are presented in table 6 and summarized in figure 2 . "Column 1" of table 6 presents the results of the analysis which ignores endogeneity. For this analysis, observations are needed on all of the variables (both those which are considered exogenous and endogenous in the analysis using instrumental variables). A total of 6,674 observations are available. "Column 2" of table 6 presents the results of the instrumental variable analysis, for this same sample. A comparison of columns 1 and 2 shows that the analysis which does not account for endogeneity is reasonably specific. In only one case-total calories-does the simpler model (column 1) suggest a statistically significant relation which is not significant in the "correct" model (column 2). More serious, however, are those behaviors-improved excreta disposal, preventive health care and exclusive breast feedingwhich would appear to have no effect if endogeneity is ignored (column 1) but which, in fact, have strong protective effects (as shown in the "correct" analysis in column 2). Furthermore, where the analysis ignoring endogeneity gave statistically significant estimates of the correct sign (any breast feeding, water quality, community density, and breast feeding x age), the parameter values were substantially biased toward the null. In short, if endogeneity is ignored, incorrect conclusions will be drawn on the determinants of health.
Tracing the paths by which education affects health
Interesting and important as the above results are, the major potential contribution of the Cebu Project is the integration of these two levels of analysis into a single, integrated behavioral-cum-biomedical description of child health. This integration can be illustrated by tracing through the pathways by which maternal education affects healthrelated behavior, and how such behavior, in turn, affects health.
Before tracing this path, the aggregate effect on diarrhea of a one-year increase in maternal education can be calculated using the reduced form (expression 3). The net effect of a one-year increase in maternal education would be to reduce the incidence By combining the simulated effects of education on health (table 3) with the simulated effect of behavioral changes on diarrhea (table 5) , the education-behavior-diarrhea pathway can be traced. Table 7 shows that the three major pathways through which maternal education affects health in this population are: a large reduction in diarrhea (about 4 percent) because of improved excreta disposal practices, with the effect being particularly strong in the early months of life; a substantial reduction in diarrhea because of the increase in calories given to the child, with the effect greater toward the end of the first year of life; and a substantial, offsetting, increase in diarrhea because of a reduction in the number of mothers who breast-fed, with reduced exclusive breast feeding most important in the early months, and reduced breast feeding most deleterious early but remaining serious throughout the first year of life.
This information is presented graphically (for 6-month-old urban children) in figure  3 . From figure 3, it is evident that some pathways are not important in this population either: because maternal education has little effect on behavior (as is the case of water supply for this urban population); or because the prevalence of the particular behavior is low (only 9 percent of mothers are exclusively breast-feeding their children at this age, for instance); or because changes in the particular behavior have little effect on health in this period (such as changes in the use of soap).
SUMMARY AND CONCLUSIONS
This paper shows that an integrated socioeconomic-biomedical model of child health can be specified and the parameters estimated. The results show that if endogeneity is ignored, incorrect conclusions are 
